Abstract-This paper presents a new active contour model with local intensities through level set method for ultrasound images segmentation. The method is not affected by the limitation of Gaussian distribution. The model is designed by local intensities, alignment term with a sharpening edge coefficient and regularization. Local intensities have the capability of denoising, and local means and variances are considered. The alignment term with a sharpening edge coefficient can sharpen edge and increase the convergence speed. The numerical schedule is implemented by level set method. Experimental results show that proposed method succeed to segment edges for ultrasound images.
INTRODUCTION
Image segmentation plays a key role in image processing. Accurate segmentation has many applications such as medical images [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] . However, owing to noise, low contrast and intensity inhomogeneity still deserve research [11, 12] , for example, edge detection and thresholding [4] . Active contours [13] enables closed and smooth edges to be obtained. The existing active contour model methods have the methods of edge-based [13] [14] [15] and region-based [10, 12, [16] [17] [18] [19] [20] [21] [22] . They have own advantages and disadvantages.
In these models, Gaussian distribution is assumed. However, intensity distribution in an image does not always meet the Gaussian distribution. The assumption limits its application.
In this paper, a new segmentation model using variational level set for ultrasound image segmentation is proposed. A kernel function with localization, local intensity means and variances are utilized. An alignment term with a sharpening coefficient is introduced. It can extract object boundaries more accurately. Simulation experiments show that segmentation accuracy is improved.
The context is organized: Introduction to proposed method in section 2, Section 3 shows experimental results, Conclusion is drawn in Section 5.
II. THE PROPOSED MODEL
The whole energy function has the following parts: local 
A. New Local Intensity Information
(1 ( )) To sum up, the NLI energy function can be represented as
B. Alignment Term with a Sharpening Edge Coefficient
The alignment term can increase the attraction force. The sharpening edge coefficient can enhance weak boundaries. The robust alignment term with a sharpening edge coefficient can be defined as:   
g is a regular monotonic decreasing function; (2) 
sharpening weak edges, we introduce a sharpening edge coefficient. It can enhance the segmentation of some weak edges. The sharpening edge coefficient is defined as:
In this paper, let 
C. Regularization Term
In this part, a regularization [14] is proposed, and characterized by the following energy function:
In addition, a level set of penalizing contour length is introduced:
where , 0    are weighting constants.
D. Level Set Formulation
The integrated level set formulation is
The performances of proposed method are tested. All experiments are performed on a 2.4GHz Intel(R) Core(TM)2 Duo CPU PC with 4G memory. In this section, some parameters are set as follows: 0 
A. Segmentation of Synthetic Images
To test the performance of proposed method, we apply it to synthetic images with weak boundary, intensity inhomogeneity and different levels of speckle noise.
From Fig.2 , it can be seen that the proposed method successfully extract the object boundary. The LBF model fails. In Fig.2(c) , the cross-sections of the middle rows of the object boundary are showed. The result of our method is approximated to the true boundary. The derivation is larger between the result of the LBF model and the true boundary.
Secondly, due to the intensities distribution of a ultrasound image following the Rayleigh distribution [23] , in this paper, the different level speckle noise following the Rayleigh distribution are added to original images, respectively. In Fig.3 , the synthetic images are corrupted by speckle noise with different levels ( 5,10,15, 20
 
). We compare the three existing methods with our method. LBF [11] and LIF [12] are sensitive to noise. Under the hypothesis condition of following Gaussian distribution, the LGD model [21] is insensitive to speckle noise, but it extracts the shadow, and the result is inaccurate. The proposed method has the capability of antinoise and also can segment the boundary successfully. 
FIGURE II. COMPARISON WITH TWO DIFFERENT METHODS. (A) RESULT OF THE LBF MODEL; (B) RESULT OF THE PROPOSED MODEL; (C) CROSS-SECTIONS OF THE MIDDLE ROWS OF THE TRUE BOUNDARY (RED), THE SEGMENTATIONS OF THE PROPOSED METHOD (BLACK) AND THE LBF MODE L (BLUE)
For comparison, our method has better capability of dealing with noisy image than the over three models in Fig.3 . We can show by quantitative comparison that proposed method segments more contours than the other methods. Since the accurate position of object and background regions of the synthetic images are precisely known in advance as shown in the first row image in Fig.3 , it is rational to use the root mean squared error (RMSE) for evaluating the performance. The RMSE measures a distance between the segmented contours and the exact object boundary. Then the RMSE is computed as follows:
The lower RMSE means that there are fewer pixels misclassified, i.e., the image can be segmented more accurately. The proposed method is applied to synthetic images with different levels of noise in Fig.3 . Additionally, for comparison, the over three methods are also applied to the same images. From Table. 1, we can see that the RMSE values of our method are the least than that of the others. Fig.4 presents the segmented results for real ultrasound images. From Fig.4 , LBF and LIF model fail to segment. The local means only are considered in the two models, the local means cannot reflect accurately the change of intensities, and it also is sensitive to noise. The local means and variances are considered in the LGD model, it has the capability of segmenting some ultrasound images. However, the assumption of the LGD model is that the intensities follow the Gaussian distribution. In addition, the computational cost is large by the LGD model, and it can appear over-segmentation for weak boundaries. For example, the results of the third and fourth rows in Fig.4(c) appear over-segmentation. The LGD method also fails to extract multiple object boundaries for the image of the final row in Fig.4(c) . The proposed model succeeds to segment the boundaries, and the over-segmentation does not appear.
B. Segmentation of Several Real Images

FIGURE IV. RESULTS COMPARISON FOR REAL ULTRASOUND IMAGES WITH THE FOUR DIFFERENT METHODS. (A) RESULTS OF THE LBF MODEL; (B) RESULTS OF THE LIF METHOD; (C) RESULTS OF THE LGD MODEL; (D) RESULTS OF OUR MODEL
C. Computational Time and Iterations
The proposed method requires relatively high computational complexity. Table. 2 presents the processing speeds of the four methods. All the four methods were performed on a 2.4GHz Intel(R) Core(TM) 2 Duo CPU PC with 4G memory using MATLAB. From Table. 2, the proposed method requires more time to reach the satisfied results. The main reason is that the proposed method cost more time using the convolution between an image and the kernel function K  . Additionally, local means and variances are computed. Computing the second term still need time. However, the iterations are less than the other three methods. The alignment term with a sharpening edge coefficient has the capabilities of sharpening edge and fast convergence. 
IV. CONCLUSION
In this paper, a new level set-based active contour model is proposed for ultrasound image segmentation. In this model, an energy function is formulated based on the new local intensity information and an alignment term with a sharpening edge coefficient. The energy function is computed through gradient descent flow to accomplish the segmentation task. Experimental results show that the proposed method can extract accurately the boundaries. Segmentation is compared with the results of the other three models. The RMSE values show the proposed method produces much better segmentation. The processing speeds of the proposed method and the other three methods are also studied. The speed of the proposed method is slightly slower than that of the other three methods. However, the accuracy of the proposed method is the highest and iterations are the least.
